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Abstract
Context: The developed scheme allows carrying out 
the assignment of several frequency channels (both 
contiguous and not contiguous) available to the sec-
ondary users that require a higher bandwidth, under 
an environment of equality.
Objective: The following paper develops a multi-
channel assignment which allows taking in a more 
efficient way the spectral opportunities in cognitive 
radio networks.
Method: The developed assignment model is com-
posed by the K-Means algorithm, which is in 
charged of carrying out the grouping of channels 
through clusters for the best parameters, and another 
algorithm in charge of establishing an equal crite-
ria for all the secondary users that wish to transmit. 
The reached results were evaluated with experimen-
tal spectral occupancy data taken from the GSM fre-
quency band. The developed model was compared 
with the MFA-CRN algorithm.
Results: The obtained measurements correspond 
to the average bandwidth, the average delay, and 
the fairness calculation in the assignment of sev-
eral channels. The developed assignment model 
shows an improvement in the assignment of a higher 
transmission average bandwidth for each second-
ary user while maintaining the fairness criteria in the 
channel assignments.
Conclusion: Despite the increasing in the number 
of handoffs, it is also observed that metrics such as 
average bandwidth, average throughput and average 
delay are never negatively impacted by this increase 
in handoffs.
Keywords: K-Means, assignment, multichannel
Resumen
Contexto: El esquema desarrollado permite realizar 
la asignación de varios canales de frecuencia tan-
to contiguos como no contiguos que se encuentren 
disponibles a usuarios secundarios que requieran 
un mayor ancho de banda, bajo un ambiente de 
equidad.
Objetivo: El presente trabajo desarrolla un modelo 
de asignación múltiple de canales que permite apro-
vechar de forma más eficiente las oportunidades es-
pectrales en redes de radio cognitiva.
Método: El modelo de asignación desarrollado está 
compuesto por el algoritmo K-Means, encargado de 
realizar el agrupamiento de canales mediante clús-
teres para los mejores parámetros y otro encargado 
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INTRODUCTION
The cognitive radio networks respond to the need 
of making a flexible use of the spectrum in order to 
optimize the spectrum resources that are scarce in 
the wireless networks. This can be understood as 
an opportunity to improve the type of service for 
the users of wireless technologies, who will make 
an opportunistic use of the available spectrum as a 
consequence of having a better spectral efficiency 
(Hernández, Páez & Giral, 2017; Chen, Wei, Jin, & 
Ge, 2013).
These spectral opportunities are variant re-
sources in the frequency-time domain, which the 
secondary users (SU) can use until the primary user 
(PU) requires once again the portion of the spec-
trum that the SU are using in order not to gener-
ate interference in the transmissions. According 
to this restriction, it is necessary that the SU move 
to another free spectral opportunity. This process 
of change is called spectral handoff. (Hernández, 
Márquez & Pedraza, 2017; Tragos, Zeadally, Frag-
kiadakis, & Siris, 2013)
The procedures described above are based on 
the assignment of one single channel. However, 
this paper proposes to carry out a multichannel as-
signment for the secondary user, allowing real time 
applications and single-channel for the delay-tol-
erant applications.
Nevertheless, assigning several channels to 
one single Secondary User means taking into 
consideration a fairness criterion for the fair as-
signment of resources for each one of the inter-
ested SU; it also implies choosing a method which 
allows carrying out the selection of the best avail-
able resources for an efficient assignment of all the 
users. To solve this problem, it is considered the 
implementation of the fairness criterion to make a 
fair assignment of the available resources among 
all the secondary user, and the K-Means algorithm 
(Xu, Han, & Nie, 2016) will be used to group the 
best available resources as a resource classifica-
tion method.
The current paper is divided as follows: Sec-
tion 2 presents the related work; Section 3 de-
scribes the model development; Section 4 presents 
the reached results; and Section 5 shows the 
conclusions.
RELATED WORK
The research by (Nguyen, Madhukumar, Tio, & Ng, 
2010) proposes an algorithm that uses K-Means 
for dynamic grouping the bands (DBC); this im-
plementation allows a reduction in the number of 
erroneous sub-bands of spurious noise and, hen-
ce, reduces the global detection time. Additionally, 
it presents a problem regarding the local decision 
combination of Secondary Users. This problem is 
addressed with a dynamic decision algorithm ba-
sed on weight that proves superior to other algori-
thms with the same technique.
de establecer un criterio de equidad para todos los 
usuarios secundarios que deseen transmitir. Los re-
sultados alcanzados se evaluaron con datos experi-
mentales de ocupación espectral, capturados en la 
banda de frecuencia GSM. El modelo desarrollado 
fue comparado con el algoritmo MFA-CRN.
Resultados: Las mediciones realizadas correspon-
den al ancho de banda promedio, el retardo pro-
medio y el cálculo de fairness en la asignación de 
varios canales. El modelo desarrollado evidencia 
una mejora en la asignación de un mayor ancho de 
banda promedio de trasmisión para cada usuario se-
cundario, manteniendo el criterio de equidad en la 
asignación de los canales.
Conclusión: A pesar del aumento en el número de 
handoffs, se observa que métricas como ancho de 
banda promedio, throughput promedio y retardo pro-
medio no se ven en ningún momento impactadas de 
manera negativa frente a este aumento de handoffs.
Palabras clave: K-Means, asignación, multicanal
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On the other hand, (Chen, Hou, Huang, & Jing, 
2016) presents a cooperative algorithm for CRN, 
which makes use of the K-Means technique to car-
ry out an offline training and establishing a set of 
data for training. This set would be utilized as a 
basis for the stage of online classification, which 
carries out a comparison between the received sig-
nals against the training data; this is how it decides 
the channel availability. The fusion center will se-
quentially make the final decision according to the 
local detection result of the different sensors. Each 
sensor is responsible for the analysis of a certain 
period of the received signal. This algorithm differs 
from others because the proposed threshold for this 
algorithm is measured by a similarity of character-
istics in multiple dimensions and not for a fixed 
value. The results evaluate the performance, mak-
ing a comparison between different methods, and 
the result shows that this scheme can achieve bet-
ter performance and work in a more efficient way.
(Kang, Ryu, Lee, & Jeong, 2011) develops a 
description regarding the performance of the no 
homogeneity detector (NHD) with several normal-
ization methods for the processing of the radar sig-
nals airborne under the heterogeneous disorder 
environments. Additionally, the threshold is esti-
mated using statistical analysis as the mean, the 
median and the K-Means algorithm with training 
data in the NHD process. The data used in the 
threshold is included in the recalculation of the co-
variance matrix of the total interference whose ac-
curacy is evaluated through the statistical test of a 
modified sample matrix inversion (MSMI). The pro-
jection statistics (PS) are used to compare the per-
formance of the detection of unique and multiple 
objectives. The simulation results show that the al-
gorithm for grouping K-means is a method of nor-
malization which can ameliorate the performance 
of the Space-Time Adaptive Processing (STAP) in a 
no homogenous environment.
(McLean, Silvius, & Hopkinson, 2013) presents 
an innovative model that determines the group-
ing configurations for different network types and 
in various RF environments. A software based on 
K-Means developed by the University of Maryland 
that demonstrates the possibility of using K-Means 
in cognitive radio through simulations in Matlab. 
The configuration shows resistance to the inter-
ference. The research also proposes a new met-
ric called Intra-Cluster Spectrum Similarity (ICSS), 
which evaluates the grouping effectiveness. This 
metric shows that the developed model has a possi-
bility of improving the reliability in the cognitive ra-
dio networks in a dynamic spectrum environment.
The research by (Kumar, Kandpal, Jain, Gango-
padhyay, & Debnath, 2016) implements the unsu-
pervised grouping K-Means technique in order to 
improve the performance of the cooperative spec-
trum detection in fading channels κ- µ. The simula-
tions take into consideration a BPSK transmission 
with different parameters of the system in the re-
ceiver characterization.
(Zhang, Hu, Bao, & Wu, 2013) proposes an algo-
rithm of a neural network for the spectrum predic-
tion based on K-Means called K-RBF. This algorithm 
can predict holes in the spectrum through the his-
torical spectrum information of the PU, improving 
the efficiency of the spectrum detection process. 
The simulation results show that this algorithm can 
accurately predict the access to the PU’s spectrum.
(Moumena, 2015) presents a detection meth-
od based on the union of the compressed sample 
(CS) and the K-means algorithm to detect the pres-
ence of the interference attack signal in the spec-
trum based on the two proposed hypothesis by Ho 
and Hi (lack of interference and presence of inter-
ference). An analog information (AIC) was used in 
each radio receptor to carry out the compression 
sampling. The compressed measurements obtained 
after applying CS to each radio receptor are located 
in a dimension matrix Y. The obtained results show 
that the original method works well and has low 
energy use and low computational complexity.
(Xue & Feifei, 2015) proposes a spectrum de-
tection method based on automatic learning. This 
method uses a covariance matrix with the received 
signal samples by several antennas. Before carry-
ing out the detection process, the cognitive radio 
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(CR) will apply first the K-means grouping algo-
rithm in order to discover the PU transmission 
patterns. Then, the supervised learning algorithm 
(Support Vector Machine) will train the CR and de-
termine the PU status. This method does not need 
any information about the signal, the channel, or 
the noise power a priori. The simulations show 
clearly the efficacy of the proposed model.
(Lu, Zhu, Wang, & Fattouche, 2016) propos-
es a probability vector of low dimension for the 
machines to learn based on the spectrum cooper-
ative detection in CRN. This approach also consid-
ers the K-Means algorithm, and the support vector 
machine (SVM) with the probability vector. The 
proposed probability vector can decrease the di-
mension of the energy vector present of N dimen-
sion to two dimensions taking into account a CRN 
with just one PU and N SU, resulting in a similar 
or better accuracy in detection, a low duration of 
training, and a shorter classification time.
Finally, (Bajali, Nagendra, Hota, & Raghurama, 
2016) proposes the definition of archetypal clusters 
without supervision, where the local energy vec-
tors are decomposed into a collection of extreme 
points called archetypes. This type of cluster has 
similarity with the K-Means method. While the lat-
ter provides an average view of the data, the former 
provides an extreme view. The performance of the 
algorithm is evaluated through detection probabil-
ity and compliance with the standard IEEE 802.22 
(WRAN). In the results, the proposed algorithm is 
compared with k-means and SVM.
METHODOLOGY
The proposed model is presented in figure 1.
Defining the simulation time and the spectral 
occupancy data
The model carries out the assignment of resour-
ces according to the existing demand taking into 
account the existing time slots for the simula-
tion. It should be noted that each time slot has a 
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Figure 1. General structure of the proposed model
Source: own the author
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duration of 300 ms and the total simulation time 
is 10 min.
Additionally, the model has a matrix with spec-
tral occupancy data as input data for the GSM fre-
quency bands making a significant differentiation 
in terms of measured traffic at different time inter-
vals. Such differentiation refers to the volume of 
information and occupancy shown in each of the 
channels, which obtains high-traffic and low-traf-
fic data. This differentiation presents the evaluation 
of the model in two different scenarios, each one 
with different characteristics.
Choosing the channel selection method
The k-means non-supervised learning algorithm is 
used for channel selection, which classifies data 
through a number k of clusters. Thus its goal is to 
define a k number of centroids for each of the clus-
ters, then it takes each of the data and associates 
it to the nearest center (Ramler, 2008) (Pandey, 
2015). This process is carried out until all the data 
is assigned to one of the centroids. This procedu-
re is performed iteratively for an n number of ti-
mes; hence the centroids will vary at each iteration 
until they reach stability (Vassilvitskii, 2007). Fina-
lly, this algorithm aims to minimize an objective 
function known as a mean-squared error given by 
equation (1).
 ܬሺܸሻ ൌ෍෍൫צ ݔ௜ െ ݒ௝ צ൯ଶ
஼௜
௝ୀଵ
஼
௜ୀଵ
     (1)
Where �� � �� ∥  Is the Euclidean distance ݔ௜ y ݒ௝, ܿ௜     Is the number of data in the cluster jth 
and c is the centroid number.
Scenario 1: System resources greater than user 
demands
The resources in a system, such as bandwidth, 
can be used by a user who requires multi-channel 
transmissions. However, the condition in equation 
(2) must be fulfilled so the system can satisfy the 
demands of all users with both real-time and best-
effort applications:
 ෍ܤܹ݅ ൑෍ܤܹݏ
௡
௜ୀଵ
   (2)
Where BWi corresponds to the demand for 
bandwidth by the N users available in the system.
However, more resources can be assigned ac-
cording to availability. This over-assignment would 
be given by equation (3).
 ෍ܤܹݐ ൌ෍ܤܹ݅
்
௧ୀଵ
   (3)
Scenario 2: System Resources Minor to Users’ 
Demands
Under this scenario, it is necessary to know that 
not all the demands of the users will be complete-
ly satisfied; however, it should be ensured under a 
fairness criterion that all users will be able to make 
use of network resources, even if it is not done in 
the same time slot but in successive slots. Therefo-
re, equation (4) can be inferred.
 
ሺݔሻ ൌ෍ሺܷݏሻ െ෍ሺܥݏሻ
ௌ
௟ୀଵ
ௌ
௦ୀଵ
    (4)
Where Us is the transmission probability of an x 
user, to whom a cost Cs is assigned; this cost refers 
to the possibility of having to transmit again in a later 
time slot due to the limitations of the system resource.
Design model
The proposed model takes a spectral occupancy 
database and secondary user bandwidth demands 
as input variables. Before carrying out the channel 
selection process, the spectral information proces-
sing block adapts the spectral occupancy data for 
the channel grouping block using the K-Means te-
chnique. Then, this non-supervised learning tech-
nique performs 15 iterations of clustering, seeking 
to gather the channels in two clusters with the best 
characteristics such as: average availability time, 
signal-to-noise ratio and probability of availability.
The channel selection process not only takes 
into account the K-Means technique, but also that 
channel allocation must be fair for all secondary 
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users. For this reason, the “Fairness Algorithm” 
block is included in the model. This block is also 
used by the MFA-CRN algorithm (Hernandez, Mar-
quez, & Pedraza, 2016), which tries to generate a 
fairness of assignment in the bandwidth. It could 
be defined as a set of active users throughout the 
assignment mechanism, assigning a resource Rs to 
each user s so that equation (5) is fulfilled.
 ��� � ��	��
				    (5)
Where R is the total amount of resources of the 
system. However, when the resource offer is great-
er than the demand, equation (6) must be fulfilled.
 
෍ܴݏ
௦אௌ
൅෍ܰܵ௦אௌ
൅ ܴ݁ ൑ ܴ    (6)
Where N represents the number of surplus re-
sources, and Re is resources reservation.
This implementation must take into account 
Fair Queueing, which must be applied in a means 
of communication with resource restrictions. This 
algorithm is fundamental in the proposed model 
due to high traffic handling. It is possible that the 
average bandwidth assignment for each secondary 
user does not satisfy them 100%, the next time slot 
will carry out an average of weights for each chan-
nel as shown in equation (7).
 
∑ ��������
∑ ������ �
∑ ��������
∑ ������    (7)
Where xi represents the percentage of channel 
assignment for elapsed time intervals and wi repre-
sents the weight assigned to each of the channels 
according to the assignments made. In addition, 
xr represents the percentage of additional channel 
assignment that arose due to a greater supply of 
channel demand.
It is possible to adjust the model to make a fair 
assignment of bandwidth for all secondary users; 
it is also possible to select channels for the respec-
tive allocation with the fair model and the channel 
grouping algorithm by the K-Means technique.
SIMULATION
The requested bandwidth for each of the SU was 
quantified based on the number of channels re-
quired according to the type of application deve-
loped by each user. These demands can be single 
channel or multiple channels. For the simulation, 
4 types of demands were developed (from the most 
demanding in resources to the least demanding) in 
order to perform a performance evaluation of the 
algorithm proposed in these scenarios. The band-
width of each channel is 100 KHz. The 4 types of 
demands are shown in table 1.
The 4 SU classes (which demand 10, 4, 2 or 1 
channel, respectively) were determined by a transfer 
rate analysis corresponding to 5 types of services or 
applications that an SU commonly used today and 
whose demand is increasing. These services are:
• Streaming Services
• Videoconferencing services
• Web Services
• Voice Services
• Multimedia Services.
Table 1. Types of SU demand
Demand Description Users 10 Channels
Users 4 
Channels
Users 2 
Channels
Users 1 
Channel Total Users
A Strong over-assignment 5 5 10 20 40
B Mild over-assignment 10 10 15 30 65
C Mild Punishment 25 15 25 35 100
D Strong Punishment 40 15 20 25 100
Source: own the author
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RESULTS
Measurements of bandwidth, average delay, fai-
led handoffs, handoffs and throughput were per-
formed for 4 different types of demands in a time 
range of 10 minutes.
Table 2 shows the way the demands are 
classified.
Table 2. Types of analyzed demands
Type Number of users Supply/demand ratio
DMA 40 240%
DMB 65 132%
DMC 10 67%
DMD 10 50%
Source: own the author
The results are presented through figures 2 to 6.
Figure 2 states that the bandwidth assignment 
is more effective in DMA and DMB for 1 channel 
and 2 channels; however, the channel assignment 
was approximately 25% less to what was request-
ed for the case of 4 channels (figure 2c), and the al-
location was between 40% and 80% compared to 
the required in the case of 10 channels (figure 2d). 
The factor to keep in mind is the number of users 
who are requesting channels.
Regarding the delay, it is observed that the be-
havior is similar in each type of demand versus the 
number of channels requested. However, the case 
of the 10-channel delay (figure 3d) determines that 
the shortest delay is for DMA (strong over-assign-
ment), which indicates that a larger assignment of 
Figure 2. Average bandwidth in high traffic for DMA, DMB, DMC and DMD
Source: own the author
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channels to each user will allow the generated de-
lay in the transmission to be positively affected.
Figure 4 shows an increasing in the number of 
failed handoffs for DMA for 1-, 2-, 4- and 10-chan-
nels demand because the algorithm searches for 
a greater number of channels against what is re-
quested to generate an over-assignment. Although 
this may look as a negative aspect, it is observed 
that the delay in transmission (figure 3) is reduced, 
and there is a significant increase in throughput 
(figure 6).
The same occurs in the case of failed hand-
offs (figure 5). It can be observed that for DMA the 
number of handoffs was relatively superior to the 
other types of demands, although it was the one 
that had better throughput for each type of demand 
and each type of user (see figure 6).
Figure 3. Average delay in high traffic for DMA, DMB, DMC and DMD
Source: own the author
Multichannel assignment using K-Means in cognitive radio networks
Márquez, H.; Salgado, C.; y Hernández C.
Tecnura • p-ISSN: 0123-921X • e-ISSN: 2248-7638 • Vol. 21 Número 52 • Abril - Junio de 2017 • pp. 68-78
[ 76 ]
Figure 4. Failed Handoffs in high traffic for DMA, DMB, DMC and DMD
Source: own the author
Figure 5. Handoffs in high traffic for DMA, DMB, DMC and DMD
Source: own the author
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CONCLUSIONES
It is observed that the number of failed handoffs in-
creased in the over-assignment scenarios because 
the algorithm tries to maintain this over-assignment 
of channels for the secondary users in the network.
The mean time availability, signal-to-noise ra-
tio and availability probability criteria selected as 
K-Means grouping criteria were able to generate 2 
channel clusters with the best weights that allowed 
significant throughput for DMA and DMB and also 
allowed having outstanding performance for DMC 
and DMD.
In spite of the increasing in the number of hand-
offs, results show that metrics such as average 
bandwidth, average throughput and average delay 
are never negatively impacted by this increasing in 
the number of handoffs.
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